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The widespread availability of behavioral data has led to the development of data-driven personal-
ized pricing algorithms [6]: sellers attempt to maximize their revenue by estimating the consumer’s
willingness-to-pay and pricing accordingly. While prevalent [7, 8, 13], the societal impact of per-
sonalized pricing schemes remains unclear. Personalized prices can often lead to more efficient
economic outcomes [15]; however, there is mounting evidence that the practice has a dispropor-
tionately adverse affect on certain populations [3]. The focus of our work is on the development of
algorithms that protect consumers against personalized pricing algorithms employed by sellers. We
address a fundamental tradeoff faced by the consumer facing a seller equipped with a personalized
pricing algorithm: a consumer who learns more about their own valuation of a product unavoidably
reveals more information to a potential seller about their willingness to pay, in turn lowering the
consumer’s achievable utility from purchasing the product.
In this work, we introduce a simple model for describing the consumer’s tradeoff and offer an

algorithm for recommending the optimal time to make a purchase. Comparing to existing work
[1, 4, 7, 10], our work, to the best of our knowledge, is one of the first to provide computational
methods for the consumer when faced with a personalized pricing scheme. Our model considers a
consumer (she/her) who aims to determine the best time to purchase a single, indivisible good when
faced with a seller (he/him) who adapts prices based on the consumer’s behavior. Both the consumer
and seller learn about the consumer’s valuation through a sequence of price offers, generated by
the seller, and purchasing decisions (either purchase, reject, or wait) made by the consumer).
The seller is assumed to be myopic, that is, he sets prices based on myopic expected revenue
maximization. Under the assumption that the seller pre-commits to a pricing strategy (motivated by
the observations from [2, 9, 12]), the consumer’s decision is dictated by the solution to an optimal
stopping time problem (namely the pricing of American options). Due to computational challenges
(e.g., modeling the filtration, calculating conditional expectations), we develop an algorithmic
stopping method, built upon a sampling algorithm of [5, 11, 14], that uses sample paths to train
estimates of the optimal stopping time.
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We demonstrate the efficacy of the algo-
rithmic stopping method using a numerical
simulation, where the seller uses a Kalman
filter to approximate the consumer’s valua-
tion (assumed to evolve according to a Gauss-
ian process). Based on this noisy estimate,
the seller sets prices based on myopic ex-
pected revenue maximization. The interac-
tion reveals three general types of behavior:
1) the myopic purchasing strategy and the
algorithmic stopping strategy yield the same
purchasing recommendations, 2) the algorith-
mic stopping method yields higher consumer
payoff by waiting for price changes in the
future or a reduction in uncertainty, and 3)
the algorithmic stopping strategy decides to wait, and either never sees a good opportunity for
purchase again, or eventually has to settle for a higher price than originally offered. Compared to a
myopic purchasing strategy, the algorithmic stopping strategy yields increased expected payoffs
for the consumer. The full paper can be found at https://arxiv.org/abs/2002.05346.
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